Saccharomyces cerevisiae, which is a common species of yeast, is by far the most extensively studied model of a eukaryote because although it is one of the simplest eukaryotes, its basic cellular processes resemble those of higher organisms. In addition, yeast is a commercially valuable organism for ethanol production. Since the yeast data can be extrapolated to the important aspects of higher organisms, many researchers have studied yeast metabolism under various conditions. In this report, we analyzed and compared metabolites of Saccharomyces cerevisiae under salt and pH stresses of various strengths by using two-dimensional NMR spectroscopy. A total of 31 metabolites were identified for most of the samples. The levels of many identified metabolites showed gradual or drastic increases or decreases depending on the severity of the stresses involved. The statistical analysis produced a holistic outline: pH stresses were clustered together, but salt stresses were spread out depending on the severity. This work could provide a link between the metabolite profiles and mRNA or protein profiles under representative and well studied stress conditions.
Introduction
Saccharomyces cerevisiae can be regarded the most extensively studied model of eukaryotes for many different kinds of studies since its basic cellular processes are similar to those of higher eukaryotic organisms, including humans.
1,2
From a commercial point of view, yeast is a valuable organism for the production of ethanol which can be used as food or fuel. 3, 4 Among several important and interesting studies, those studies on yeast metabolism are focused on its response to specific stress conditions because the results can be extended to other higher eukaryotes. For example, oxidative stress is thought to be related to aging, apoptosis, cancer, or immunological responses.
5
Yeast cells express a common set of genes to protect themselves during stressful periods. This phenomenon is called the environmental stress response (ESR), which includes activation or suppression of around 900 genes. 6 In addition to the general physiological response, the expressions of those genes are precisely coordinated to protect the cells against the specific nature of the stress. 6 The response and adaptation of yeast to various stress conditions including ethanol, 7 osmotic stress, 8 oxidative stress, 9 extreme pHs 9 and heat shock 8, 10, 11 have been well established. Recently, Berry and Gasch reported that any single stress could trigger the change of the gene expression not only to cope with the given stress but also to prepare for possible future stresses.
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Most of those works have been accomplished through functional genomics studies by observing the changes of gene expression patterns or mRNA levels. However, these changes may not show a linear correlation with protein or metabolite levels. 13 In one report, there was little agreement between the gene expression and metabolite concentrations in the liver, urine, or plasma. 14 In another report, metabolic data was employed in the functional genomic strategy to reveal the phenotype of silent mutations. 15 Recently, efforts have been made to integrate the "Omics" technologies to describe organisms in a holistic and systematic way. 16, 17 Metabolomics is the "systematic study of the unique chemical fingerprints that specific cellular processes leave behind," or more specifically, the study of their smallmolecule metabolite profiles. 18 The metabolome represents a collection of all end products of the gene expression in a biological organism. 19 For many organisms, including yeast, the number of metabolites is far fewer than that of genes or gene products. 15 Thus, metabolic profiling can provide a simpler yet efficient snapshot of the system's physiology. However, the semi-quantitative analysis like this report would suffice in many cases because the research was focused on differentiating responses from different stresses.
In this work, we applied several common stresses to yeast cultures to see if we could classify those stresses in terms of the metabolite profiles (or specific markers) and if the result could be integrated with currently available functional genomic data. This work could provide a link between the metabolite profiles and mRNA or protein profiles under representative and well studied stress conditions.
Materials and Methods
Yeast Growth. W303 (MATa/MATα (leu2-3,112 trp1-1 can1-100 ura3-1 ade2-1 his3- 11, 15) [phi+]), a commonly used strain of Saccharomyces cerevisiae, was grown in YPD medium (1% yeast extract, 2% bactopeptone, and 2% glucose). For seed cultivation, yeast cells were grown overnight in 5 mL YPD at 30°C. For the main cultivation, the precultivated cells were inoculated into 500 mL of fresh medium in a 2. H lock) 1.7 mm cryogenic probe and a SampleJet. All samples were centrifuged at maximum speed for 5 min prior to placing them into NMR tubes. After inserting each sample into the spectrometer, we waited 120 s to allow the sample to reach thermal equilibrium. The probe was tuned, matched and locked to deuterium for the first sample; the lock signal was adjusted automatically as needed. All samples were collected using automated shimming and manual shimming as needed to obtain a 50% linewidth on DSS less than 1 Hz. The optimal 90° pulsewidth was determined manually for each sample and the receiver gain was automatically calculated. One-dimensional 1 H were collected with excitation sculpting using the water-selective 180 o zgesgp pulse sequence from the Bruker pulse sequence library; spectra were collected at 298 K with 2 steady state scans, 16 transients, 2560 complex points, a spectral width of 10.5 ppm and an interscan delay of 1.75 s. Two-dimensional 1 H-
13
C HSQC (Heteronuclear Single Quantum Coherence) spectra were collected using the hsqcetgpsisp2.2 pulse sequence from the Bruker pulse sequence library. All spectra were collected at 298 K with 4 transients, 32 steady state scans, GARP (Globally-optimized Alternating-phase Rectangular Pulses) broadband decoupling and a 1.75 s interscan delay time; 1262 complex data points were collected in the direct dimension ( 1 H) with a spectral width of 10.5 ppm (6313 Hz); 256 complex data points were collected in the indirect dimension ( 13 C) with a spectral width of 99.5 ppm (15015 Hz). The resulting spectra were processed by NMRPipe, 26 and visualized and analyzed by rNMR. 27 The peaklist was sent to MMCD (Madison Metabolomics Consortium Database, http://mmcd.nmrfam.wisc.edu) to find candidate metabolites. With the help of the in-house software (S. H. Kim and Y. K. Chae, unpublished data), the peak intensity data were first corrected for dilution that occurred when dissolving dried extract in HEPES buffer and adjusting pH, then normalized to one of the peaks of the internal standard HEPES, then adjusted to the sample mass, and processed to yield a proper output format for the multivariate analysis. The multivariate analysis was performed with the R statistics software package (http://www.r-project.org).
Results and Discussion
Sample Preparation. The cultures were harvested when the optical density at 600 nm did not change any further. This was to ensure not only that the cells were entirely in their stationary phase, but also that they did not yet enter the death phase. When to harvest the culture was determined by considering two conditions: we intended to observe the accumulated effect and to equalize the final growth state of each stress condition. However, since each given stress had its own severity, the final optical densities and dried masses of the cultures varied to some degree (data not shown), which resulted in the different amounts of dried extract ( Table 1 ). The rich medium (YPD) was chosen as a growth medium because we tried to focus on the specific stresses such as NaCl and pH, and did not want the cells to experience nutrient-limiting stress in the minimal medium. These two background factors (the stationary phase and the rich medium) offered a window through which we could observe the accumulated effect of only the specific stresses at the analysis stage because we had a control sample without the stress. The underlying assumption was that the background factors were common to every sample so that the common effects could be subtracted to reveal the true differences.
Addition of 15 mL of boiling water to the dried raw material not only ensured the denaturation of endogenous enzymes that might degrade or synthesize metabolites during the extraction procedure but also served a sanitary purpose. The resulting mixture was autoclaved for 20 min, and only the small, soluble and heat-resistant metabolites that exuded out of the cells were collected for NMR analysis. Although it is possible that the heat-labile metabolites could have been disintegrated into simpler compounds during the hot water extraction procedure, there is a controversy over the best extraction method for metabolite profiling, especially among hot water, chloroform-methanol, and boiling ethanol. [28] [29] [30] [31] Despite the concern of hydrolysis of the macromolecules or phosphorylated compounds, the hot water extraction method was the choice regarding sensitivity over resolution, that is, we chose to achieve a higher total glucose signal instead of every glucose-containing compound. Although the hot water extraction was hard on the condition of the dried cells, only a small fraction of them were lysed. This was judged by the observation of a clear supernatant after centrifugation at 4000 g, which was not fast enough to spin down fine debris. As shown in Table 1 , the harsher the growth condition was, the less extract we could obtain, which is understandable because harsher conditions prevented further cell growth. The NMR samples were prepared by adding an equal volume of HEPES buffer, and the difference in the extract amount was compensated in the analysis stage.
NMR Data Collection and Processing. Each 2D HSQC experiment took about 2 h. Due to the small sample volume (45 µL) for the 1.7 mm probe, GARP decoupling during acquisition raised the sample temperature, which made it necessary to use a longer delay time between scans (1.75 s) than the usual (1 s). However, we were able to take advantage of the small sample volume, that is, we could use a more concentrated sample. Despite the longer data collection time, 2D NMR can be considered as a potent alternative to 1D NMR for higher accuracy and robustness. [32] [33] [34] [35] The cryoprobe and autosampler drastically reduced the data collection time down to 2 h, which otherwise would have been much longer.
NMR Data Analysis. A portion of the NMR spectrum of a control sample along with the assignments of identified metabolites is shown in Figure 1 , and various methylene groups usually appear in this region. From the combined use of rNMR and public databases such as MMCD, HMDB, and PRIMe, 31 metabolites were identified by observing multiple peaks of each given metabolite. When assigning a spectrum, MMCD was the first database to be consulted, and unassigned resonances were assigned by consulting HMDB and PRIMe. This process was not only helpful but also necessary because different databases complemented one another. In Figure 2 , the representative signals of the identified metabolites are shown, and this is the view that overlooks all the 2D spectra: only the ones that will further be used for statistical analysis are shown (resonances-of-interest or ROIs). There is one caveat that we need to consider when we look at this ROI view: Those resonances show the original intensities before the necessary calibrations are applied, that is, we need to compensate intensity variations in signals resulting from NMR experiments and differences in total metabolite concentrations among samples. As for the errors in NMR experiments, the signals were normalized by the representative HEPES resonance which was present in every NMR sample at the same concentration (5 mM). Then the concentration differences were compensated by dividing signal intensities by the mass of extracted metabolites. Figure  3 is the result of this process for more accurate comparison among samples.
We could observe several peculiar features regarding the concentration changes of various metabolites which should reflect the intracellular environment in Figure 3 . First of all, three well-known osmoprotectants showed completely different behaviors: Betaine gradually decreased to reach its minimum at 1.0 M NaCl, and glycerol showed a large increase even at 0.2 M NaCl and continuously increased to reach its maximum at 1 M NaCl, while trehalose showed a sudden increase at 0.2 M NaCl, then leveled out, and finally dropped to its minimum dramatically at 1.0 M NaCl. This result shows some discrepancy from the previous report where all three osmoprotectants showed strong signals under 1 M NaCl stress. 36 This might have resulted directly from the difference in genetic background, and this shows the importance and necessity of specifying strain identities since very close relatives like DS10 and W303 showed clear differences in coping with the same stress. Citrate, malate, and methionine shared a similar trend: they decreased as NaCl or H + concentration increases. This behavior of methionine against pH stress can be extrapolated to the previous report where methionine level was higher at pH 8.2.
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Ethanolamine, ornithine, and proline showed a similar trend: they were lower at a medium NaCl concentration and higher at both extremes, which was also true for pH stress: it peaked at medium pH stress. Myoinositol increased with higher NaCl stress, but decreased with higher pH stress. Figures  3(a) and (b) show the changes in resonance intensities, and thus concentrations, of the metabolites under different stress doses, in reference to the control sample. The pH stress seemed to be mild compared to the NaCl stress, which dramatically changed concentrations of some of the metabolites. We can readily recognize acetate, betaine, choline and glycerol are the key metabolites that responded to NaCl stress. For pH stress, citrate and malate were peculiar since they dropped in concentration for high dosages.
In summary, our results indicate that (A) NaCl stress showed much more profound and diverse effects on the intracellular metabolites than pH stress; (B) well-known protectants such as betaine, glycerol, and trehalose manifested themselves in NaCl stress; (C) citrate and malate were indicators of pH stress.
Multivariate Analysis. We employed a principal component analysis (PCA) technique to view the datasets as a whole. Calibrated resonance intensity data were used as an input to the R software package. The script for PCA job was kindly written and provided by Ian Lewis (Princeton University, USA) and further modified in-house.
As shown in Figure 4 , the contributions from PC1, PC2 and PC3 are comparable with one another, and we need to consider all three components for statistical analysis, which is best viewed in a 3D representation. We can see that pH stress samples are relatively closely clustered, but NaCl stress samples are spread inside the PCA space. This kind of behavior was also expected from the results above where NaCl stress induced more drastic changes of metabolites than pH stress. The observation that pH induced relatively small changes would not mean that it was weaker than NaCl. Instead, the pH stress that yeast can endure seemed to be restricted because stronger pH stresses prevented yeast cells from growing in a liquid medium.
From the biplots, metabolites that are responsible for positioning the samples in the principal component space can be readily identified. This figure can be regarded as the calibrated version of Figure 2 . We can see that the control and weak NaCl stress sample are located at the upper-left quadrant while others are spread in the other quadrants in Figures 5(a) and (b) . The two same samples are located in the upper-right quadrant, also separated from the rest of the samples when viewed onto the plane of PC2 and PC3 (data not shown). We can also see that the salt stress samples are spread in a much larger area than the pH stress samples. From Figures 5(a) and 5(b) , we can observe that glycerol (gl), trehalose (t), and proline (P), widely known osmoprotectants, are pointing toward mild-to-medium salt stressed samples. The sample that received the strongest salt stress (1 M NaCl) is located in the opposite direction of those osmo-protectants. We speculate that this high salt pushed yeast cells over a certain limit so that the normal intracellular physiology was severely perturbed.
Compared to NaCl stress, pH stresses were clustered together in the PCA space as shown in Figures 5(a) and 5(b) . When those pH stresses were analyzed separately, they showed an interesting feature: we could observe 3 clusters: highly acidic (pH 2.4 and pH 3.4), mildly acidic (pH 4.1 and pH 5.0), and near neutral (pH 6.0 and pH 7.1) (data not shown). The key metabolites could be identified for such clustering: acetate could be regarded as a marker for highly acidic condition, ethanolamine, for a mildly acidic one, and citrate and malate, for a near neutral one. The cells seemed to cope with a mildly acidic condition by accumulating a weak base such as ethanolamine which can be converted from serine by decarboxylation. We can speculate that when pH gets low enough, cells start to accumulate acetate, which can act to trap protons sneaking from a low pH external environment. This result shows some differences from our previous work, 36 and we think it stems from the strain difference, that is, a different genetic background results in a different way to handle the same stress.
Conclusions
We found 31 metabolites were identified for most of the samples. The levels of many identified metabolites showed a gradual or drastic increase or decrease depending on the severity of the stress. The statistical analysis produced a holistic view: pH stresses were clustered together, but salt stresses were spread according to severity, which implicated that the latter induced more global rearrangement of the intracellular environment. This work could provide a link between the metabolite profiles and mRNA or protein profiles under representative and well studied stress conditions.
